By analyzing the dynamic behavior of institutional and retail investors in the Indonesia Stock Exchange using their completed transactions (comprising over 250 million observations), this study highlights that their trading strategies and behavior, in which institutions play a more important role than individuals in the market, are indeed different. Specifically, past trading activities by individual (institutional) investors have significantly affected the current trading behaviors and strategies of individual investors (both investor types). Furthermore, retail (institutional) investors are most likely to perform contrarian (momentum) strategies and trade frequently (infrequently) with small (large) amounts of money and short (long) holding periods.
Table 1
Landscape of the Indonesia Stock Exchange based on Investor Types. The table below gives the big picture of the Indonesia Stock Exchange (IDX) based on its investor types in 2015. Generally, investor types in the IDX can be categorized into individual and institutional investors, but more specific institutional investors can be further divided into corporations, financial institutions, securities firms, other institutions, insurance firms, mutual funds, pension funds, and foundations. The details of each investor type, such as its equity ownership, trading value, number of players, and average trading value of a player, are described in the table below. Note that other than the equity ownership data that we obtained from the Statistics of Indonesian Capital Market published by the Indonesian Financial Services Authority, the remaining contents of this Koesrindartoto, et al. Research in International Business and Finance 51 (2020) 101061 Specifically, this study adopts the idea of the dynamics model of analysis between institutional and individual trading studied by Griffin et al. (2003) ; Ng and Wu (2007) , and Dorn et al. (2008) . It will also observe the dynamics of players' trading based on studies conducted by Lakonishok et al. (1992) . Lastly, the vector autoregressive (VAR) methodology will be used to estimate this relationship. The estimation of parameters will use maximum likelihood estimation, while the standard error of parameters will be adjusted with heteroscedasticity and autocorrelation using Newey-West (NW) covariance estimation. The implementation of NW in the VAR model follows the suggestion of Cochrane and Piazzesi (2005) .
Following the above methodology, this study discovers that by analyzing the dynamic behavior of institutional and individual traders in the Indonesia Stock Exchange using data on over 250 million transactions during 2013-2015, the behavior and trading strategies between individual and institutional investors are indeed generally different. More specifically, individual (institutional) investors are most likely to trade frequently (infrequently) with small (large) amounts of money and short (long) holding periods. In addition, this study also finds that individual (institutional) investors are consistent in performing contrarian (momentum) strategies.
Furthermore, this study reveals that while past trading activities by institutional investors significantly affect the current trading behavior and strategy of both investor types, past trading activities by individual investors only significantly affect the current trading behavior and strategy of individual investors. The above findings related to individual investors are robust when this study further breaks down institutional investors into eight different types of investors: corporations, financial institutions, securities firms, other institutions, insurance firms, mutual funds, pension funds, and foundations.
The remainder this article is organized as follows. Section 2 is a literature review. Section 3 explains the institutional background and data. Section 4 elaborates on the methodology. Section 5 performs a preliminary analysis to determine the optimal lag selection and tests the autocorrelation and heteroscedasticity of all models. Section 6 reports the results of the general players. Section 7 documents the results of the detailed players. Lastly, Section 8 concludes and provides some policy implications.
Literature review

Overview of institutional and individual investors
As the detailed data of stocks market transactions become available to researchers today, research into the behavior of players (both institutional and individual investors) in the stocks market is gaining more attention than ever before. In general, institutional investors can be defined as investors that trade on behalf of other interests, while individual investors trade on behalf of their own interest. Theoretically, institutional investors are viewed as informed investors with the power to drive the market, while individual investors are seen as proverbial noise traders with a tendency to engage in psychologically biased trading (Kyle, 1985; Black, 1985) .
Nevertheless, defining institutional and individual investors through transactional data in stock markets is not easy, as in most studies only the broker's name is recorded in the transaction, with no details of the player involved (Khwaja and Mian, 2005; İmişiker et al., 2015; Aaron et al., 2018) . Moreover, knowing that institutional or individual investors can use more than one broker to trade in the stock market is not an appropriate way to directly judge a particular broker as an institutional or individual investor. As an alternative approach, studies such as Lakonishok et al. (1992) ; Barber et al. (2009) , and Ng and Wu (2007) use a dollar cut-off for a transaction to determine whether the transaction initiated by a certain broker was executed by institutional or individual investors. Fortunately, as this study has direct access to the regulator, namely, the Indonesian Financial Services Authority, we did not face this kind of issue, and therefore, the results of this study will be free from biases caused by using a proxy.
Thus, the growing literature on the dynamic interaction between players offers different findings yet with a decent explanation. In short, the main focus of our research is on examining (1) the investor trading strategy based on the relationship between stock returns and institutional and individual trading behavior, (2) how the players interact with each other and (3) the contemporaneous relationship between the change in player ownership and stock returns.
Trading strategies
The first step involves understanding how players in the stock market buy (sell) stocks tomorrow in response to an increase (decrease) in the return. This behavior is also known as momentum trading behavior (trend-chasing or positive feedback trading) (Griffin et al., 2003) . The empirical literature shows different results regarding this behavior toward institutional and individual investors. Lakonishok et al. (1992) find weak evidence of trend-chasing behavior in institutional investors overall. As their analysis probes deeply into the characteristics of the stocks (based on size), however, they find some evidence that institutional investors perform positive-feedback trading in small stocks but not in big stocks. On the other hand, Grinblatt et al. (1995) show that institutional investors are trend-chasing investors that tend to follow past price movements.
Moreover, Badrinath and Wahal (2016) explain that momentum trading behavior varies across institution types and is primarily limited to new equity positions, and by using detail transaction data from the Australian market, Douglas Foster et al. (2011) find that momentum trading behavior depends on the investment style of institutional investors. They further argue that growth-oriented investment managers tend to perform momentum trading, while value-oriented managers do not. Using the dynamics model, Griffin et al. (2003) find that there is a strong contemporaneous relationship between past stock returns and institutional trading. Similarly, Ng and Wu (2007) , conducting research in China, used detailed transaction records of 77.12 million trade accounts in the Shanghai stock market and found that Chinese institutions are momentum investors.
The other perspective examines the momentum trading behavior of the individual investor as a contrarian. Odean (1998) finds that individual investors tend to sell the winning stock and hold on to the past losing stock. This condition is also known as the disposition effect (Dharma and Koesrindartoto, 2018) . Barber and Odean (2000) explain that individual investors perform disposition in their trading because they are "anti-momentum" investors. Individual investors do relatively more buy trades than sell trades when there has been an extremely positive return in the past. However, the value of sell trades executed is larger compared to the value of buy trades. Overall, the individual investor is a net seller in the market in terms of market value following the extreme positive movement in previous days (Barber and Odean, 2008) . Using the same market data as Barber and Odean (2008) ; Kaniel et al. (2008) also find the tendency of individual investors to buy a stock after prices decrease and sell it after prices increase. Ng and Wu (2007) explain that the behavior of individual investors depends on their wealth. In general, the less wealthy individual behaves as a contrarian investor, while the wealthiest individual makes the momentum trade, such as a Chinese institution. Based on the above literature, therefore, this study believes that while institutional investors perform a momentum-trading strategy, individual investors perform an anti-momentum or contrarian trading strategy.
Herding behavior
The second step involves understanding institutional and individual trading activity as well as the interaction between traders (herding). Lakonishok et al. (1992) find weak evidence of herding behavior among pension funds managers using quarterly data of the NYSE. Although there is evidence of herding in small stocks, the size of herding behavior is far from huge. On the other hand, Wermers (1999) uses mutual fund-holding data and finds evidence of herding behavior of mutual funds in small and growth stocks.
Another study explains how individual investors herd one another. In contrast, Barber et al. (2009) explain that individuals are correlated in their trading and tend to herd. These results are also supported by Dorn, Huberman, and Sengmueller (2008) , who explain that, based on sample data from a large discount brokerage in Germany, individual investors trade similarly. Kaniel et al. (2008) , on the other hand, take a different perspective and also find that individual investors are contrarian toward institutional investors. This contrarian tendency leads them to act as liquidity providers for institutional investors requiring immediate action. This argument is also supported by Grinblatt and Keloharju (2000) , who find similar results in the Finnish stocks market.
Since there are different opinions regarding which investors herd more, Lakonishok et al. (1992) provide a logical explanation as to why institutional herding is more important than individual investors. First, the institution will try to infer information about the quality of investment from one institution or another. As a result, institutions will have a greater understanding of each other's trading practices than do individuals, and so will herd to a greater extent (Shiller and Pound, 1989; Banerjee, 1992) . Second, institutional investors have an incentive to hold the same stocks as other money managers to avoid falling behind in peer group performance (Scharfstein and Stein, 1990) . Third, an institution might react to the same exogenous signal, and since the signal received by institutions is typically the same, institutions tend to herd more than do individual investors.
In addition to the above explanation, other studies also explain why money managers (institutional) herd. Other models explain that an institution may trade with the herd because of slowly diffusing private information (Froot et al., 1992; Hirshleifer et al., 1994; Hong and Stein, 1999) , or career concerns (Scharfstein and Stein, 1990) . This study believes that both institutional and individual investors perform herding behaviors to infer the same information.
Price impact
The third step involves understanding the contemporaneous relationship between changes in ownership (usually proxied by players trading imbalances) and stock returns. There is a different time frame for the analysis of quarterly data (Wermers, 1999) and annual data (Nofsinger and Sias, 1999) . Sias et al. (2001) use the covariance decomposition method to determine how institutional ownership changes in quarterly data could affect the daily return of stocks. Since this research takes a microstructure perspective, we use literature related more to research using daily and intradaily data.
A different perspective involves the microstructure horizon regarding which player, institutional or individual, has a significant impact on stock prices. In 1993, Barclay and Warner (1993) discovered that a medium trade size between 500 and 10,000 in one transaction has a price impact on stock prices compared to other sizes. Accordingly, Chakravarty (2001) explains that medium trade size can impact stock prices because it is mainly initiated by institutional trade. Additionally, Chan and Lakonishok (1995) also find that a sequence of institutional block trades can have an effect on stock prices and explain that this link can be the result of institutional trading activity that could predict future return, contemporaneous stock return, or institutional intraquarter trendchasing. On the other hand, Douglas Foster et al. (2011) find different results in Australia and conclude that neither the number of funds trading nor the volume of shares bought or sold by institutional investors correlated with the contemporaneous return of stocks. Their findings are also supported by Lakonishok et al. (1992) , who find that institutional investors neither stabilize nor destabilize stock prices in the US market.
Nonetheless, some studies find that individual investors' trades can affect stock prices. Using a unique data set from the Individual Investor Express Delivery Service in the NYSE, Kaniel et al. (2008) find that individual investors' trades (proxied by net individual trading) can significantly be used to forecast return. Moreover, Barber et al. (2009) support previous findings by showing that stocks that buy (sell) heavily in a week by individual investors earn strong (poor) returns the subsequent week.
While those studies observed the impact of players (both institutional and individual investors) on stock return independently, recent studies apply the dynamics model to observe this phenomenon. Griffin et al. (2003) use the VAR model with a five-day lag and find that there is a strong contemporaneous relationship between institutional trading and stock return at the daily level, while there is no evidence of individual trading. Furthermore, Ng and Wu (2007) used the same idea in their research on the Shanghai stock market and report that only trading activity from Chinese institutions and the wealthiest individuals can affect future stock volatility, whereas other Chinese individual investors' trades, in general, have no predictive power for future stock return. Stoffman (2014) also supports the above argument by documenting that, in Finland, stock prices, on average, will increase (decrease) due to institutional investors buying (selling) from individual investors. In addition, if prices move due to individual trades among investors themselves, the impact will quickly revert and vanish. Accordingly, this study believes that both institutional and individual investors' transactions can affect stock returns.
Institutional background and data
Institutional background
The dataset of this study is taken from the Indonesia Stock Exchange (IDX), which was originally established in 1912 by Dutch colonials as the Jakarta Stock Exchange (JSE) due to its location in the capital city of Indonesia. Later, as a result of a merger in 2007 between the JSE and the Surabaya Stock Exchange (SSE), a second stock market in Indonesia was established in 1989 in Surabaya, and aiming to support the economic development of East Indonesia, the IDX was established and has become the sole stock market in Indonesia (Aaron et al., 2018) . We provide the current landscape of the IDX in Table 1 .
Accordingly, in general, it is clear that institutional investors dominate individual investors in the IDX in terms of equity ownership and trading value, even if individual investors have a greater number of players. Among the institutional players, corporations are the largest player, while financial institutions and securities firms are the second and third largest players in terms of trading value, respectively. Kindly note that sometimes the proportion of equity ownership and trading value might not be strongly correlated and thus must be analyzed carefully.
Data
This research uses data from the IDX from January 2013 to December 2015. We provide our data description in Table 3 . Moreover, the following are details regarding the information comprising our dataset:
1 Daily closing data, which consist of stock code, board code, lowest price, highest price, opening price, closing price, total volume, date, and market capitalization. 2 Transaction data, which consist of transaction number, transaction date, transaction time, transaction board, transaction price, transaction lot, transaction value, buyer and seller broker ID, buyer and seller account ID, buyer and seller investor type, and transaction order number. For each transaction number, we count it as the trading frequency. 3 For buyer and seller investor type, there are generally two major players in the market: institutional and individual investors.
Then, specifically for institutional investor, it can be further divided into eight different types, namely corporations, financial institutions, securities firms, insurance firms, mutual funds, pension funds, foundations, and other institutions.
According to Table 2 , during the full three-year period, there were 726 trading days, 582 stocks, and over 285 million past transactions to be observed and analyzed. Such big data (over 25 GB) requires sophisticated computational procedures to clean them of inappropriate observations, such as missing data elements and outliers that may disrupt data quality. To do so, this study uses SQL, a programming language designed specifically for storing and managing data. Given the above procedure, since we discover incomplete observations in 19 stocks, we thus employ the remaining 563 as our sample.
Methodology
Variable measurements
Returns
In this study, we perform two kinds of estimation, in which the first estimation is based on the portfolio method and the second estimation is based on the individual stock method -which is done following Griffin et al. (2003) . While the returns for the latter case is simply the daily log return of each stock, the returns for the former case is a value weighted return based on the stock market capitalization each day. To construct this variable, we first calculate the returns for the latter case, or the daily log return of each stock. Adjusted closing price is used to adjust the stock price due to corporate ownership actions such as stock split, reverse stock, and reissue. Next, using market capitalization data, we calculate the proportion of a particular stock at period t by dividing its market capitalization with the total market capitalization of the portfolio. Lastly, the value weighted return can be calculated by aggregating the daily return of the stocks with their weight. We formalize this equation as follows:
Where: r p,t : Portfolio return at period t w i,t : Weight of stock i at period t based on the proportion of its market capitalization in the portfolio at period t r p,t : Return of stock i at period t
Trading imbalances
As the proxy of trading activity, trading imbalances are used in this study in line with previous research (Barber et al., 2009; Douglas Foster et al. (2011); Griffin et al., 2003; Ng and Wu, 2007) . Trading imbalance variables for each type of investor can be easily calculated by subtracting total value buy from total value sell of each type of investor and dividing it by its total transaction value. Accordingly, the range of this variable will be between -1 and 1. We can then interpret trading imbalances in a very straightforward way, that is, a positive (negative) sign implies an accumulation (distribution) process, and the greater the trading imbalances toward a certain sign, the greater the accumulation or distribution that occurs by the players. The equation for this calculation was originated by Griffin, Harris, and Topaloglu (2003) and is as follows:
where BuyTV i,t : Buy trading value of investor i for portfolio / stock j during period t SellTV i,t : Sell trading value of investor i for portfolio / stock j during period t 4.2. Estimation methodology
Method selection
Research into stock markets using microstructure uses a varied statistical approach to create a model and its inferences. In general, researchers have already obtained a sense of how the variables interact by analyzing the data's descriptive statistics. From a static point of view, most studies take the basic idea of linear regression under the Fama-Machbeth procedure to create the relationship model among microstructure variables. One leading study by (Kaniel et al., 2008 ) performs a Fama-Machbeth procedure regression with adjusted standard error using Newey-West correction to analyze how individual investors' trading activity could affect stocks returns. The Newey-West correction is used to accommodate the heteroscedasticity in the data. Following research by Kaniel et al. (2008) ; Barber et al. (2009) also use Fama-Machbeth regression to analyze whether individual investors can move the market. Douglas Foster et al. (2011) , in research in Australia, have used a similar procedure but with a different focus. They concentrate on evaluating the institutional trading and stock return relationship.
Although Fama-Machbeth procedure regression is common in analyses of the relationship between investors' trading activity and stock returns, the method is not appropriate for the dynamics model. In a static model, we can only evaluate the direct interaction between investors' trading and stock returns, while the dynamics model allows us to assume that all variables depend on one another. This condition requires a particular statistical method to create inference.
In market microstructure research, the common method used to analyze the dynamics relationship is the vector autoregressive (VAR) method. VAR is commonly used instead of the vector error correction model (VECM) because of the contemporaneous characteristics of the trading activity variable and stock returns (Dorn et al., 2008; Griffin et al., 2003; Hasbrouck, 2007) . Some studies in major journals use VAR to analyze the dynamics relation in market microstructure research. Studies similar to ours, Griffin, Harris, and Topaloglu (2003) and Dorn, Huberman, and Sengmueller (2008) , use the VAR method to analyze the dynamics of individual, institutional and stock returns with lag 5. Recent research by Ben-Rephael et al. (2012) use the VAR method to evaluate the dynamics relation between equity funds manager flows and market return. They use four lags in the VAR model and create an impulse response to observe how one standard deviation shock in certain variables can affect the system. That same year, Moskowitz et al. (2012) analyzed time series momentum within asset classes (equity, bond, and currencies) and its impact on speculator trades. They used monthly bivariate VAR with 24-month lags of returns and changes in net speculator position, and 12-month lags as a robustness check. They also created the impulse response from the VAR model using Cholesky decomposition to estimate the variance-covariance matrix of the residuals.
Nevertheless, although VAR is commonly used, one concern must be addressed. Suppose there is a bivariate VAR with k lags in Eq. (1). The standard estimation for this VAR model can be done using maximum likelihood (asymptotic sample) or ordinary least square (finite sample) estimation. Based on the estimation, the vector of β and λ can be obtained with its standard error. However, this condition can be applied under the assumption that εt,R and εt,X has no heteroscedasticity and autocorrelation (white noise) (Hasbrouck, 1991) . If one of the residual vectors in the system contains heteroscedasticity and autocorrelation, the assumption is violated, and inference of the model can be biased. While the coefficient of the estimation is robust, the standard error is the cause of bias due to miscalculation. To address this problem, Cochrane and Piazzesi (2005) propose a modified model of VAR estimation for bond securities. They still use maximum likelihood to estimate the VAR model but with adjusted heteroscedasticity and autocorrelation using a generalized method of moments (GMM) covariance estimator with adjusted Newey-West standard error calculation. With this adjustment, the inference from the VAR model is expected to be more accurate:
Based on all the above literature, this research will conduct a preliminary test to select the lags of the VAR model and determine whether there is heteroscedasticity and autocorrelation in VAR residuals. If the assumption of the standard VAR is violated, then the inference will be discussed after adjusting the VAR model with the NW standard error. Further note that for the purpose of interpretation, all variables both in the portfolio and individual stock methods are adjusted using their own time series. Additionally, for the individual stock method, we also adjust each variable by subtracting it with the value of its daily equal-weighted to remove common market-wide effects as suggested by Griffin, Harris, and Topaloglu (2003) .
Vector autoregression methodology
Vector autoregression is similar to univariate autoregression. The intuition behind most results is similar and carries over by simply replacing scalar with matrices and scalar operation with matrix operation. The VAR system that will be built in this research is a 3-variate VAR for general players and a 10-variate VAR for detailed players. The optimum lag selection is based on the Akaike information criterion (AIC) and likelihood ratio (LR) tests following the idea of Griffin, Harris, and Topaloglu (2003) . All variables in the VAR equation are portfolio return and trading imbalance for each type of investor. In the general matrix model, the system can be written as below:
Where Y t is a T by K variables matrix and Φ is a vector of parameters for the VAR systems. In this research, Y t contains the variable of portfolio return and trading imbalances of each investor type. The estimation of the coefficient and standard error from the system above will use a maximum likelihood procedure. Maximum likelihood is believed to be more precise than conditional maximum likelihood and ordinary least square and does not require a backtest of data or errors (Sheppard, 2013) :
∑ is the covariance matrix of residuals and v is a matrix of the VAR residuals. The coefficient from the VAR is obtained by maximizing the likelihood function above. The standard error is obtained from the square of the diagonal in the covariance matrix: D.P. Koesrindartoto, et al. Research in International Business and Finance 51 (2020) 101061 = H 1
The covariance matrix of the coefficient is calculated by inverting the Hessian of maximum likelihood. However, if there is heteroscedasticity and autocorrelation in residuals, this procedure to calculate the covariance matrix is no longer relevant. This study believes that there is heteroscedasticity and autocorrelation in the data due to the high frequency of the data. To accommodate those issues, the covariance matrix should be adjusted using the Newey-West (NW) covariance matrix. In general, the NW covariance matrix follows the generalized method of moment (GMM) procedure. The GMM covariance matrix calculated using the formula below:
The adjustment of heteroscedasticity and autocorrelation is on the S matrix or precision matrix of GMM. The adjusted precision matrix by Newey-West becomes
Where k is the lag of autocorrelation in residuals and (k-|j|)/k is called the weighting matrix. Thus, the complete adjusted covariance will be
In most studies, the lag of autocorrelation in residuals in determined by a mental model of how investors or traders look at historical data. Cochrane and Piazzesi (2005) use a 12-month lag and an 18-month lag to check the consistency of their results. This study will choose a 7-day lag, as it satisfies the general rule of thumb formula 0.75T 1/3 for the S matrix since the variables in this VAR system are contemporaneous. This lag also considers the trading indicator moving average usually used by a trader in the short term.
Moreover, one advantage of using VAR is Granger causality (Sheppard, 2013) . Granger causality is the standard method in a VAR to determine whether one variable is useful in predicting others, and evidence of Granger causality is a good indicator that a VAR is needed. To test the Granger causality, the Wald test is used for the following specification:
. Accordingly, the Wald statistics are written in the equation below and follow distribution
Where θ 1 is the vector of unrestricted parameter estimates, Ω is the asymptotic covariance matrix of θ 1 and R and Q are matrices based on the restrictions. Under the null hypothesis, the Wald statistic is distributed asymptotically as χ2 where the degrees of freedom equal the number of zero restrictions being tested.
Preliminary analysis
Before discussing the results and their analysis, a preliminary analysis will be presented to discuss the proper estimation environment. First, we determine the optimal lag selection using Akaike information criterion (AIC) and sequential-modified likelihood ratio (LR) test statistics. Accordingly, based on Table 3 , lag 3 (based on AIC) and lag 6 (based on LR) are selected as the optimal lag for the general players, while lag 1 (based on AIC) and lag 8 (based on LR) are chosen for the detailed players. It is important to note that AIC and LR might not give similar results for the following reason. AIC tells us whether it pays to have a richer model when the goal is to approximate the underlying data generating process as best we can in terms of Kullback-Leibler distance, whereas LR tells us whether at a chosen confidence level we can reject the hypothesis that some restrictions on the richer model hold. Therefore, it could be implied that AIC is preferable when the goal of our model is to forecast, while LR is more suitable when the goal of our model is to test significance. Given our research objectives, it can thus be inferred that LR is preferable for this study. Kindly note that for the sake of parsimony, this study only reports the estimation results based on the AIC -lag (3) for the general model and lag (1) for the detailed model.
After we find the optimal for each case, we then test the autocorrelation issue for each selected lag using the Lagrange multiplier test with no autocorrelation at lag order as the null hypothesis, and the heteroscedasticity issue for each selected lag using White's heteroscedasticity test, where the variances for the errors are equal or without heteroscedasticity as the null hypothesis. Accordingly, Table 3 suggests that there are some issues, like autocorrelation and heteroscedasticity problems in lag (3) for the general players and in lag (1) for the detailed players so that the estimation of VAR should be adjusted using NW correction for standard errors. The details of these diagnostic tests are provided in Table 3 .
Results of general players
First, we investigate the dynamic behavior and trading strategies of the two general players in the market, namely, individual and institutional investors. The estimation results are presented in Table 4 for the pooled analysis and in Table 5 for the analysis following Kaniel et al. (2008) who suggested to segment the stocks in our sample into high, medium, and low capitalized stocks. Note that for the purpose of interpretation, all variables in both methods are adjusted using their own time series. Table 3 Diagnostic Tests. The table below gives the results of diagnostic tests, namely, optimal lag selection, autocorrelation and heteroscedasticity tests. Panel A reports the results of the optimal lag selection using Akaike information criterion (AIC) and sequential-modified likelihood ratio (LR) test statistics. # indicates the lag order selected by the criterion. Accordingly, lag 3 (based on AIC) and lag 6 (based on LR) are selected as the optimal lags for the general players, while lag 1 (based on AIC) and lag 8 (based on LR) are chosen for the detailed players. Panel B reports the results of autocorrelation tests for each selected lag using the Lagrange multiplier test with no autocorrelation at lag order as the null hypothesis. Panel C reports the results of the heteroscedasticity test for each selected lag using White's heteroscedasticity test with the variances for the errors as equal or no heteroscedasticity as the null hypothesis. * indicates the violation of null hypothesis for both autocorrelation and heteroscedasticity tests. The pvalue is reported in parentheses. The table below gives the results of vector autoregressive (VAR) for general players with lag 3 under maximum likelihood procedure with adjusted heteroscedasticity and autocorrelation in residuals using Newey-West (NW) standard errors. We report the results of the portfolio method in Panel A and the results of the individual stock method in panel B. The equations for this analysis are as follows:
where for Panel A (Panel B), RET is the value weighted portfolio return of all stocks listed in IDX (daily return of a particular stock), whereas INS and IND are the trading imbalances of the institutional and individual investors of the portfolio (a particular stock). For the purpose of interpretation, all variables both in Panels A and B are adjusted using their own time series. Additionally, for Panel B, we also adjust each variable by subtracting it with the value of its daily equal-weighted to remove common market-wide effects as suggested by Griffin, Harris, and Topaloglu (2003) . The sample is 563 listed stocks in the IDX at the daily level spanning from 1 Jan 2013 to 31 Dec 2015. The table below reports the result of VAR (k) estimation for all time sample periods (T) with adjusted 7 lags in NW standard error. The truncation parameter is determined using the formula 0.75T 1/3 . The standard error of parameters is reported in parentheses. The Wald statistics test is applied for the hypothesis testing. In Panel A, ***, **, * indicate the significance level at 10%, 5%, and 1%, respectively. Meanwhile, in Panel B, we report the percentage of stocks with positive (% Positive sign) and negative coefficients (% Negative sign) that are significantly different from 0 at the 5% confidence level. Koesrindartoto, et al. Research in International Business and Finance 51 (2020) 101061 According to the above tables, several interesting findings emerge. In terms of price impact, it can be seen in Panel A of Table 4 that both institutional and individual imbalances in lag 3 significantly affect the return of stocks. The significant value is very strong and robust at 1% after the adjustment with lag of NW in 7. Statistically, in the institutional (individual) imbalance equation, the coefficient is −0.30 (−0.29), indicating that a 1 standard deviation decrease in institutional (individual) imbalances at t-3 can decrease approximately 0.30 (0.29) standard deviation of portfolio returns at time t. This result is consistent with those of Lakonishok et al. (1992) and Douglas Foster et al. (2011) . However, they are contrary to those of Griffin et al. (2003) ; Ng and Wu (2007) , and Stoffman (2014).
Meanwhile, based on Panel B of Table 4 , it could be implied that the most important determinant of the return itself is its past returns. This proven by 30%, 25%, and 15% of the stocks in lag 1, 2, and 3, respectively have significantly negative coefficients. The results are also confirmed by Panel B of Table 5 , especially by medium and low capitalized stocks.
As for the trading behavior of each type of investors, we know that individual investors are contrarian or anti-momentum traders, while institutional investors are momentum traders. These results are very strong since they are significant at the 1% level. Moreover, this finding aligns with findings by Barber and Odean (2000) and Kaniel et al. (2008) for individual investors, and Lakonishok et al. (1992) and Grinblatt et al. (1995) for institutional investors. The contrarian (momentum) behavior is considered as selling (buying) the winning stocks and buying (selling) the losing stocks according to Odean (1998) . Based on Panel A of Table 4 , considering only lag 1, a 1 standard deviation increase in stock returns will decrease (increase) the imbalances of individual (institutional) investors approximately 0.27 (0.27) standard deviation. This means that individual (institutional) investors will reverse (strengthen) their position if there is an increase in stock prices. Likewise, the above results also pronounce in Panel B of Table 4 for around 10% of our sample. The results are also confirmed by Panel B of Table 5 , especially by high and medium capitalized stocks.
A different result is observed in herding behavior on the past imbalances from each investor type. Individual investors' imbalances at time t-3 significantly positively affect the imbalances at time t by 1%. This is an indication that they herd with their own group as well as their counterpart. Although both imbalances are significant, an increase in institutional imbalance at t-3 will have a higher magnitude effect than an increase in individual imbalance at time t. Specifically, based on Panel A of Table 4 , a 1 standard deviation increase in institutional imbalances at time t-3 will increase approximately 0.23 standard deviation of individual imbalances at time t, while a 1 standard deviation increase in individual imbalances at time t-3 will increase approximately 0.17 standard deviation of individual imbalances at time t. Meanwhile, based on Panel B of Table 4 , it is found that although the relations between past individual imbalances with later individual imbalances is stronger, another relation is in the contrary. The results are also confirmed by Panel B of Table 5 , especially by high capitalized stocks.
Conversely, also based on Table 4 , institutional investors imbalances at time t-3 significantly negatively affect the imbalances at time t by 1%. This is an indication that they counter-herd with their own group as well as their counterpart. Although both imbalances are significant, an increase in institutional imbalance at t-3 will have a higher magnitude effect than an increase in individual imbalance at time t. Specifically, a 1 standard deviation increase in institutional imbalances at time t-3 will decrease approximately 0.21 standard deviation of institutional imbalances at time t, while a 1 standard deviation increase in individual imbalances at time t-3 will decrease approximately 0.18 standard deviation of institutional imbalances at time t. Meanwhile, based on Panel B of Table 4 , it is found that although the relations between past individual imbalances with later institutional imbalances is stronger, another relation is in the contrary. The results are also confirmed by Panel B of Table 5 , especially by high capitalized stocks.
As for the robustness check for significance in the VAR system, Granger causality is performed to test simultaneously whether each variable has a causality effect toward each another. The results of Granger causality for the general players are presented in Table 6 for pooled analysis and Table 7 for the analysis following Kaniel et al. (2008) .
Based on the above tables, there is some evidence that, consistent with the above findings, first, both individual and institutional imbalances have Granger caused the stock return (around 15% of the sample), and second, past return has Granger caused the individual and individual imbalances at time t (around 20% of the sample). This result confirms the contrarian (momentum) trading behavior performed by individual (institutional) investors. In addition, herding behavior by individual investors is also fully confirmed by this test (around 50% of the sample), whereas the counter herding behavior by institutional investors is partially confirmed by this test (around 40% of the sample), since Panel A of Table 6 indicates that there is no evidence of Granger causality between past The table below extends the analysis of Table 4 by segmenting the stocks in our sample into high, medium, and low capitalized stocks as suggested by Kaniel, Saar, and Titman (2008) . This segmentation is done by categorizing a particular stock in our sample into high, medium, and low capitalized stocks when its daily average value of market capitalization is in the top 30th, between the top 30th and bottom 30th percentile, and in the bottom 30th percentile, respectively. For each category, the vector autoregressive (VAR) for general players with lag 3 under maximum likelihood procedure with adjusted heteroscedasticity and autocorrelation in residuals using Newey-West (NW) standard errors as described in Table 4 is provided. We report the results of the portfolio method in Panel A and the results of the individual stock method in panel B. Particularly, for Panel A (Panel B) , RET is the value weighted portfolio return of all stocks listed in IDX (daily return of a particular stock), whereas INS and IND are the trading imbalances of the institutional and individual investors of the portfolio (a particular stock). Then, for the purpose of interpretation, all variables both in Panels A and B are adjusted using their own time series. Additionally, for Panel B, we also adjust each variable by subtracting it with the value of its daily equal-weighted to remove common market-wide effects as suggested by Griffin, Harris, and Topaloglu (2003) . The sample is 563 listed stocks in the IDX at the daily level spanning from 1 Jan 2013 to 31 Dec 2015. The table below reports the result of VAR (k) estimation for all time sample periods (T) with adjusted 7 lags in NW standard error. The truncation parameter is determined using the formula 0.75T 1/3 . The standard error of parameters is reported in parentheses. The Wald statistics test is applied for the hypothesis testing. In Panel A, ***, **, * indicate the significance level at 10%, 5%, and 1%, respectively. Meanwhile, in Panel B, we report the percentage of stocks with positive (% Positive sign) and negative coefficients (% Negative sign) that are significantly different from 0 at the 5% confidence level.
Panel A. Portfolio Method
High capitalized stocks Medium capitalized stocks Low capitalized stocks individual imbalances and current institutional imbalances. As an explanation, even though individual imbalances might have enough evidence to affect the institutional imbalances, this is not sufficient to reject the null hypothesis of causality. Table 7 provides the robustness tests of the above results.
Results of detailed players
After investigating the dynamic behavior and trading strategies of two general players in the market, this study further breaks down general institutional investors into eight different types in order to observe in more detail the characteristics of each investor type. Those specific institutional investors are corporations, financial institutions, securities firms, other institutions, insurance firms, mutual funds, pension funds, and foundations. Using a similar methodology, we present the estimation results and Granger causality of this analysis in Table 8 for the pooled analysis and in Table 9 for the analysis following Kaniel et al. (2008) who suggested to segment the stocks in our sample into high, medium, and low capitalized stocks.
The above table illustrates that the findings related to the trading behavior and strategy of individual investors remain the same as those in the previous analysis. However, there are some cases where the findings differ according to each specific investor type.
As for the robustness check for significance in the VAR system, Granger causality is performed to test simultaneously whether each variable has a causality effect toward each another. The results of Granger causality for the detailed players are presented in Table 10 for pooled analysis and Table 11 for the analysis following Kaniel, Saar, and Titman (2008) .
More specifically, following Evgenidis et al. (2017) , the economic significance of the above results is that our findings could also imply that since at the same time the aggregate individual investors tend to not only employ a contrarian strategy but also frequently conduct daily trading activities, hence both activities might hinder the individual investor from obtaining a better return from the market, which is in line to what have been argued by Khan et al. (2017) . This is primarily because in terms of trading, contrarian strategy might lead to dispositional effects (Dharma and Koesrindartoto, 2018) and higher frequency of trading leads to higher transaction costs. Therefore, as for the recommendation, it is encouraged for the regulator to simultaneously educate the individual The table below gives the results of vector autoregressive (VAR) for detailed players with lag 1 under maximum likelihood procedure with adjusted heteroscedasticity and autocorrelation in residuals using Newey-West (NW) standard errors. We report the results of the portfolio method in Panel A and the results of the individual stock method in panel B. The equations for this analysis are as follows: where for Panel A (Panel B) , RET is the value weighted portfolio return of all stocks listed in IDX (daily return of a particular stock), whereas ID, CP, FD, IB IS, MF, OT, PF, and SC are the trading imbalances of the individual investors, corporations, foundations, financial institutions, insurance firms, mutual funds, other institutions, pension funds, and securities firms, respectively of the portfolio (a particular stock). For the purpose of interpretation, all variables both in Panels A and B are adjusted using their own time series. Additionally, for Panel B, we also adjust each variable by subtracting it with the value of its daily equal-weighted to remove common market-wide effects as suggested by Griffin, Harris, and Topaloglu (2003) . The sample is 563 listed stocks in the IDX at the daily level spanning from 1 Jan 2013 to 31 Dec 2015. The table below reports the result of VAR (k) estimation for all time sample periods (T) with adjusted 7 lags in NW standard error. The truncation parameter is determined using the formula 0.75T 1/3 . The standard error of parameters is reported in parentheses. The Wald statistics test is applied for the hypothesis testing. In Panel A, ***, **, * indicate the significance level at 10%, 5%, and 1%, respectively. Meanwhile, in Panel B, we report the percentage of stocks with positive (% Positive sign) and negative coefficients (% Negative sign) that are significantly different from 0 at the 5% confidence level. Table 9 VAR for Detailed Players -Segmented by Market Capitalization. The table below extends the analysis of Table 8 by segmenting the stocks in our sample into high, medium, and low capitalized stocks as suggested by Kaniel, Saar, and Titman (2008) . This segmentation is done by categorizing a particular stock in our sample into high, medium, and low capitalized stocks when its daily average value of market capitalization is in the top 30th, between the top 30th and bottom 30th percentile, and in the bottom 30th percentile, respectively. For each category, the vector autoregressive (VAR) for detailed players with lag 1 under maximum likelihood procedure with adjusted heteroscedasticity and autocorrelation in residuals using Newey-West (NW) standard errors as described in Table 8 is provided. We report the results of the portfolio method in Panel A and the results of the individual stock method in panel B. Particularly, for Panel A (Panel B), RET is the value weighted portfolio return of all stocks listed in IDX (daily return of a particular stock), whereas ID, CP, FD, IB IS, MF, OT, PF, and SC are the trading imbalances of the individual investors, corporations, foundations, financial institutions, insurance firms, mutual funds, other institutions, pension funds, and securities firms, respectively of the portfolio (a particular stock). Then, for the purpose of interpretation, all variables both in Panels A and B are adjusted using their own time series. Additionally, for Panel B, we also adjust each variable by subtracting it with the value of its daily equal-weighted to remove common market-wide effects as suggested by Griffin, Harris, and Topaloglu (2003) . The sample is 563 listed stocks in the IDX at the daily level spanning from 1 Jan 2013 to 31 Dec 2015. The table below reports the result of VAR (k) estimation for all time sample periods (T) with adjusted 7 lags in NW standard error. The truncation parameter is determined using the formula 0.75T 1/3 . The standard error of parameters is reported in parentheses. The Wald statistics test is applied for the hypothesis testing. In Panel A, ***, **, * indicate the significance level at 10%, 5%, and 1%, respectively. Meanwhile, in Panel B, we report the percentage of stocks with positive (% Positive sign) and negative coefficients (% Negative sign) that are significantly different from 0 at the 5% confidence level. (continued on next page) D.P. Koesrindartoto, et al. Research in International Business and Finance 51 (2020) 101061 (continued on next page) D.P. Koesrindartoto, et al. Research in International Business and Finance 51 (2020) 101061 Koesrindartoto, et al. Research in International Business and Finance 51 (2020) 101061 Table 11 Granger Causality for Detailed Players -Segmented by Market Capitalization. The table below extends the analysis of Table 9 by segmenting the stocks in our sample into high, medium, and low capitalized stocks as suggested by Kaniel, Saar, and Titman (2008 investors in the market with sufficient capital market literacy and increase the number of individual players so that the market efficiency could be enhanced through the better market liquidity and price discovery process.
Panel A. Portfolio Method
RET ID CP FD IB IS MF OT PF SC (1) (2) (3) (4) (5) (6) (7) (8) (9)(10)
Concluding remarks
Based on the extensive analysis described above, this study eventually can conclude that the trading activities of individual investors, although they hold only a fraction of assets (6%-7%) compared to institutional ones (93%-94%), cannot be ignored. This is due to our empirical evidence shows that the total value of their transactions is significant, as they contribute about one-third of total transactions. Moreover, it is also known that individual investors' past actions have strong relationships with their later actions and their trading activities are Granger affected by both types of investors. Meanwhile, on the other hand, it is found that institutional investors' past actions are influencing the later actions of both individual and institutional investors even though the effect is more pronounced in the latter case. Interestingly, we also discover that institutional investors are only Granger affected by market return and institutional investors and not by individual investors' past actions.
Next, this study also highlights that the effects of previous market return on the individual and institutional investors can be seen by looking at the signs of the VAR models. Accordingly, we find some robust evidence in proving that while most of the signs for institutional investor are positive and significant, most of the signs for individual investor are negative and significant. The above results thus imply that while the institutional investor mostly employs the momentum strategy, the individual mostly utilizes a contrarian strategy.
Moreover, in terms of the detailed institution model, we notice that the individual investors' trading behaviors are robust compared to the general model or what we have mentioned above. However, on the other hand, only corporations, financial institutions, and security firms that have similar results with the above. Meanwhile, other types of institution, like insurance firms, pension funds, and foundations are seen to have mixed results and therefore require further analysis. We argue that this happens because both the number of respected institutions and empirical trading data are relatively low and not significant so that more observations are required to carry out an effective behavior interpretation and formulate policy recommendations. Future researches are encouraged to remove this limitation by employing dataset from another relevant emerging country.
Furthermore, in line with what have been done by Guha Deb (2018), we also encourage future researches to differentiate institutional investors into foreign and domestic institutional investors. This is because foreign institutional investors are renowned for their crucial role in emerging equity markets not only in a positive attitude, such as for their influence in increasing the informativeness (Vo, 2017; Syamala and Wadhwa, 2019) and efficiency of stock price (Vo, 2019) but in a negative attitude as well, like for their role in increasing the risk of stock price crash (Vo, 2018) .
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